Introduction
The large scale utilization of locally available heat sources makes District
Heating (DH) a rational and efficient domestic heating option. To date, this technology has been coupled successfully to high efficiency Combined Heat and Power (CHP) plants [1, 2] , energy-intensive industries [3, 4] and renewable gen-5 eration plants such as solar [5, 6] , biomass [7, 8] and geothermal systems [9, 10] .
Controlling district heating networks based on distributed metering systems [11] and providing high service reliability [12] are considered primary requirements for district heating integration in future energy grids. In the case of accidents, service should be restored as quickly as possible with minimal impact 10 on the thermal comfort of customers. However, finding the optimal operation strategy for this type of systems is a time-consuming and non-trivial problem.
Real-world installations often count several thermal users and generation plants that are connected through complex fluid networks. Accurate prediction of 4 M A N U S C R I P T
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the fluid-dynamic and thermal response demands for complex simulation tools.
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Furthermore, the large number of moving and dissipative components results in optimization problems with a high-dimensional control space.
Researchers dealing with planning of thermal grids mainly adopted Lumped
Parameter Modeling (LPM) to predict the performance of the system. This approach reduces to the solution of (linear) mass and energy balances. If the objec- 20 tive function and constraints are also linear with respect to the control variables, the optimization problem can be solved by Linear Programming (LP) techniques [1] or Mixed Integer Linear Programming (MILP) [13] . [ 16] used GA and Proper Orthogonal Decomposition (POD) to find the optimal 35 pumping strategy in a District Heating Network (DHN). Following a parallel research direction, some authors adopted meta-heuristic techniques with improved convergence rate that allowed retaining full complexity of the network model.
Most often, this is achieved by coupling heuristic and deterministic algorithms.
Liberatore [17] used a Scatter Search (SS) technique coupled to the pressure 40 reference method to reduce the size of the population required by GA. The authors of [18] limited the GA search space to a few integer design variables (e.g.
isolation valves) and used LP to obtain the optimal setting of the control valves.
Giacomello et al. [19] also developed a hybrid algorithm for pump scheduling by combining a Greedy algorithm with LP. Also purely heuristic algorithms Particle Swarm Optimization (PSO) [22] and Harmony Search (HS) [23] .
These important contributions result in moderate or high computational complexity. For this reason, they can hardly be utilized for real-time net-50 work control during failures, where computational time is a primary constraint [24] . Furthermore, using population-based optimization algorithms for intelligent control based on metered data shows limitations. Control actions can be started only at the end of the optimization and no feedback from the measuring devices can be easily integrated in the optimization procedure. Gradient-based 55 algorithms based on adjoint sensitivities have the potential to solve both issues.
At the cost of local convergence, these methods lead to faster convergence compared to enumeration or meta-heuristic techniques especially when the system analysis is particularly costly, such the solution of a CFD model. Objective gradients in problems with many control variables and few constraints can be 60 obtained cheaply through adjoint calculus. As we discussed in a previous work
[25], these features makes it a recommended choice to regulate dissipative components in large systems. Moreover, a feedback from meter readings can be easily integrated on-the-fly. The numerical model can be calibrated to measured data at each optimization iteration (after a valve update) increasing the 65 accuracy of both the forward and the sensitivity analysis. With this approach, control actions can be taken during the optimization process. Figure 1 To test the proposed framework we consider the Turin DHN, which is the largest 6 M A N U S C R I P T
A C C E P T E D ACCEPTED MANUSCRIPT
installation in Italy [26] .
The remainder of this paper is organized as follows. Section 2 presents the numerical model used to predict the fluid-dynamic and thermal response of the network. Section 3 discusses the optimization problem formulation along with 80 a complete description of the sensitivities calculation step. Section 4 reports the most relevant numerical details. Section 5 presents and discusses the results obtained. Finally, a summary and some concluding remarks are presented in Section 6.
Physical model of the network
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This section presents the governing equations and the discretization strategy used to predict the thermal and fluid-dynamic response of the network. We use a 1D finite volume model [16, 26] to calculate the mass flow rate vector G, the total pressure vector P and the temperature vector T.
A schematic of the modeling framework is given in Figure 2 . The network 90 is represented through a graph approach [27] where each pipe is considered as a branch (indicated with a black solid line) delimited by two nodes (indicated with black solid circles), which physically correspond to either bifurcations or conjunctions. Hot water is injected in the system at the inlet node, located at the outlet cross section of the power plant pumping system. Please note that the 95 thermal response of the buildings is also calculated in the present framework.
We include a set of user branches (indicated in green) that are considered as separate entities, where we model the building-system interaction through the building heat exchanger. The degrees of freedom corresponding to the mass flow rates are defined at each branch while those corresponding to temperatures 100 and pressures are defined at each node in a staggered grid fashion. The network topology is uniquely represented by the incidence matrix A :
nb is the number of branches and nn is the number of nodes. Let N be the graph representation of the network with branches Ξ(N) = {ξ 1 , ξ 2 , ..., ξ nb } and nodes
.., ψ nn }. The incidence matrix A is defined such that: 
We assume a steady-state and incompressible flow with constant fluid properties and negligible viscous dissipation. The 1D continuity equation is readily written as:
where ρ is the water density, v 1 is the water velocity along the pipe axis and S M is a mass source term. After integration over the nodal control volume
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(indicated in red in Figure 2 ), Eq. (2) can be casted in the following discrete form:
where G extr is a nodal mass flow rate extraction vector. The steady-state incompressible 1D momentum equation is written as:
where p is the pressure, F f ric accounts for viscous effects, F pump is a momentum 115 source term due to the presence of pumps and g 1 is the projection of the gravity vector on the pipe axis. Integration of (4) over the branch control volume (indicated in blue in Figure 2 ) leads to:
where P is the total pressure defined as:
where g is the gravity constant and z h the height. The first term on the right-120 hand side of Eq. (5) is written considering semi-empirical correlations of the form:
where f is the Fanning friction factor, β k is the local friction coefficient of the k th friction source, D is the pipe diameter and L is the pipe length. Eqs. (5) through (7) can be rearranged to obtain the following non-linear system:
where B is a diagonal non-linear operator which contains the fluid-dynamic resistance of each branch in the network as following:
where S j is the pipe cross section. The column vector t contains the pumping pressure heads ∆P pumpj applied in each branch of the network. The vector of fluid-dynamic residuals can be written in a unique coupled system as following:
where the non-linear operator K is defined as:
the total state variable vector u is defined as:
and the vector f is defined as:
To calculate the thermal response, we consider the steady-state version of the Under the modeling assumptions, the energy equation can be written as:
where c p is the water specific heat, k is the water thermal conductivity and q is a volumetric heat generation term. The first term on the right-hand side is neglected since the convective term is dominant. Integrating over a nodal control volume (indicated in red in Figure 2 ) we obtain:
where N bi is the number of branches connected to node i, U dg is the global 145 heat transfer coefficient of the duct-ground system and T ext is the external temperature. Eq. (15) can be casted in matrix form to obtain the following linear system:
where C is the conductance matrix assembled using the upwind scheme [28] for the advective term of Eq. (15), T is the nodal temperature vector and q 150 is the heat load vector which collects all the constant terms of the heat losses.
Special care should be taken at the user nodes when assembling the system of Eq. (16) . Let us consider a generic building i for which we write an integral energy balance as:
where G j inlet mass flow rate at the building heat exchanger, T i,in and T i,out 155 are the water inlet and outlet temperatures of the heat exchanger, V i is the building volume, K is the volumetric heat loss coefficient and T i,b is the building temperature. This equation can be solved considering the thermal balance across the heat exchanger to calculate the outlet temperature T i,out , i.e.:
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where (U A) i is the global transmittance of the heat exchanger obtained through 160 experimental data, which includes both the heat exchanger and the building heat delivery system efficiencies. Note that to we have linearized the characteristic temperature difference driving heat transfer across the heat exchanger.
To solve the fluid-dynamic model, we prescribe the total pressure P out at the outlet of the network and the mass flow rate G in at the inlet. Mathematically:
where n is the inward-pointing normal depicted in Figure 2 . To solve the thermal model, we prescribe the inlet water temperature T in as following:
The utilization of thermal balance on the user branch (Eq. (17)) does not require the imposition of an additional outflow boundary condition. 
Optimization problem formulation
In this section we discuss the optimization problem formulation including the control variables, the objective, the constraints and the sensitivities calculation.
Furthermore, we describe a way to mimic the control strategy in use today.
Control variables 175
After a pipe breakage event, the interested pipe gets isolated from the network. This action moves the fluid-dynamic equilibrium to a point which is far from being optimal. The thermal demand of the users located in remote areas of the network, i.e. with a low available pressure head, will hardly be satisfied.
A centralized management strategy should avoid this situation by controlling 180 the user control valves. Hence, the vector of control variables s is used to interpolate linearly the local pressure drop coefficient of the user control valves as M A N U S C R I P T
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following:
where β min and β max are the minimum and maximum local pressure drop coefficients and N s is the number of control variables. Since the equivalent fluid-185 dynamic resistance is changed by the control, the inlet mass flow rate G in should also be allowed to vary in order to satisfy a maximum available pressure head constraint. Hence we also have:
where χ min and χ max are the minimum and maximum mass flow rates normalized to the design value of
Objective and constraints
Our centralized control strategy aims at minimizing the maximum thermal discomfort of the buildings connected. We name this control strategy as Least Maximum Discomfort, hereafter referred as LMD-Control. The thermal discomfort γ j of the building j is written as:
where Φ j is thermal power transferred from the network to the building while Φ spj is the ideal thermal power that would be required to obtain the internal setpoint temperature T sp . Mathematically:
where V j is the total volume of the building, K is the volumetric heat transfer coefficient and T ext is the external temperature. The term in brackets of (24) 
Eq. (26) is imposed weakly such that in the worst case the maximum pressure drop registered in the network ∆P max = max (P) − min (P) differs from the 210 pressure head ∆P P H by a small number = 1e−4. To sum up, the optimization problem is formulated as:
where np is the number of buildings connected to the network, and p z is a parameter that control the smoothness with which the maximum function is approximated. The p-mean formulation presented in (27) provides a lower bound
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to the hard maximum function and converges to it in the limit of [29] :
This approach ensures differentiability and stabilizes convergence if large p z values are avoided. The box constraint sets a lower bound s min = 0 and un upper bound s max = 1 to each control variable s i in the N s -dimensional control space.
We adopt the nested analysis and design approach, where the state variables 220 are implicitly dependent on the control variables through the state equations.
For this reason, we do not include the state equations in the set of equality constraints of (27) , but we calculate the fluid-dynamic and thermal response at each iteration of the optimization process. Problem (27) (27) is non-zero.
Hence, if one or more design variables strictly satisfies the box constraint, LICQ holds.
Sensitivities calculation
The derivatives of the objective and constraints with respect to the control (22), we obtain:
and
The adjoint variables are calculated solving consecutively two discrete adjoint problems of the form:
where the term on the left-hand side of Eq. (32) is readily obtainable since we are dealing with a linear system:
and the right-hand side is calculated as:
Moving to the left-hand side of Eq. (33) we have:
where L K is the stricly lower triangular portion of K in block form (Eq. (11)) 255 that includes only B. The right-hand side of (33) reads: handled by using the optimization problem described in Eq. (27) with a slight modification to the objective function:
wherenp is the total number of buildings in which:
For the under-heated buildings, we adopt a heuristic recursive relation of the form:
where
is the design control variable value while s
is its value at the optimization iteration i and f s is a constant scalar factor here set to 0.2. Here l runs over those buildings in which:
No control action is taken for those buildings where Φ = Φ sp . This heuristic procedure adds on the deterministic update given by the optimizer and yields significant modifications to the optimization routine only in the first iterations.
Numerical implementation
The fluid-dynamic problem of Eq. (10) This both stabilizes and accelerates convergence making it an ideal approach to optimize systems requiring really expensive analysis and/or fast convergence.
The relevant MMA parameters are provided in Table 1 the Turin district heating network, see for instance [16, 26] . The accuracy of the sensitivities calculation step has been checked against finite differences in preliminary numerical studies.
Results and discussion
This section presents the numerical studies and discusses the results ob-325 tained. The Turin DHN counts around 5500 buildings connected for a total thermal request of 1.3 GW in design conditions. The system is composed of a transportation and a distribution network. The transportation network connects the thermal plants to each distribution network, which in turn supplies water to users located in the vicinity of the connecting node.
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To test the effectiveness of the proposed approach we focus on the control of a medium-size distribution network that delivers thermal energy to 110 buildings.
A representation is given in Figure 3 . This subnetwork consists of 231 branches and is designed to satisfy a total thermal request of 17.6 MW. It is connected to the main transportation network in two points, which are labeled as 'Inlet 1' and
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'Inlet 2' in Figure 3 . 'Inlet 2' is usually closed and can be opened in the case of abnormal operating conditions (e.g. failure in a branch). The values of the most relevant parameters and properties are summarized in Table 2 . We simulate a failure by isolating the failed branch resulting in a modified topology of the network. We consider looping branches, i.e. those pipes that do not prevent 340 any user from being reached by hot water. In the remainder of this section, we first shed light on the LMD-Control procedure focusing on a reference case with a failure in branch 16 ( Figure 3 ) , which is the one showing the largest M A N U S C R I P T
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effect on the system performance. Then, we assess the effect of the available pressure head for different failed branches and inlet positions. Last, we study 345 how failures in the main transport network can be handled through a centralized control of the considered distribution network.
Using the LMD-Control to handle failures
In this section we minimize our discomfort measure considering a failure These results demonstrate the effectiveness of our control strategy in handling branch failures. Thermal mismatches are quickly balanced avoiding discomfort peaks that naturally arise when using the conventional control strategy.
The effect of available pressure head
380
Here we investigate how the available pressure head at the inlet of the distribution network affects the capabilities of our control strategy. We systematically relax the pressure head constraint of Eq. (27): ∆P P H is increased in 6 steps of 14 % over the design value. For each value, an optimization run is performed.
Similarly to the previous section, we consider a failure in branch 16 and water 
Failure in the transportation network
In this numerical study, we investigate the performance of the proposed Whether a building thermal request is satisfied depends on both the available pressure head and the nominal pressure head at each user location. The latter can vary substantially across thermal users. Table 3 
Conclusions
In this paper, we presented a control strategy for handling DH failures in real-time leading to minimal impact on thermal comfort of users. We minimized 
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